interest in the past. However, their complexity still remains a considerable drawback in practical applications. One promising concept is the building of auxiliary models (metamodels) for different analysis goals. We present an efficient algorithm that constructs a metamodel only from simulation data, so no a priori knowledge has to be included. It will be shown that the resulting system approximates real valued functions with an adjustable precision.
In addition the data can contain fuzzy patterns or values with a corresponding confidenceinterval. This is especially well suited for simulation data due to its stochastic character.
The metamodel is represented in form of a Fuzzy Graph which allows the analyst to directly extract easy to interpret if-then-rules. Application of this method to a real world token bus model is shown in detail.
INTRODUCTION
The use of modeling and simulation techniques has gained considerable influence for the development or the optimization of different systems. Unfortunately the complexity of the resulting simulation systems increases with the complexity of the real systems. This leads to several drawbacks: simulation becomes a highly time consuming task which makes it impossible to perform interactive simulations and in addition the analysis of the resulting simulation model is extremely complicated.
Therefore there is a need for methods that help to analyze the behavior of complex models, e.g., to improve the validation process. In general two directions exist to solve this problem.
q modelbased This means that the model can be analyzed based on knowledge about the concrete model structure. For example in petri net models the construction of a reachability graph q helps to find places in the petri net that will never be reached. Analysis of dependencies between factors and the output parameters helps to build a simpler model or to better understand the behavior.
Due to the high complexity of models in real applications often there does not exist an analytical solution, so databased methods have to be used. One way is to analyze the data with statistical means like correlation analysis to find some unknown dependencies. Another way is to construct an auxiliary model, which is simpler and easier to handle than the original model. This auxiliary model is built using the example data generated by experimenting with the model and it should have the same behavior as the model.
In Blanning (1975) computation of partial derivatives was used to obtain the so-called metamodel from the simulation data. Depending on the task of analysis there may exist different kind of metamodels (see Figure 1 ), for example to analyze the parameter sensitivity (Blanning 1975; Huber and Szczerbicka 1994) For the purpose of metamodeling it is of much more interest, however, to find only a few rules that cover a large portion of the feature space.
In this paper a new approach is proposed that allows the usage of Fuzzy Graphs (Zadeh 1994) to represent the discovered knowledge.
The main advantages are the automatic and fast construction of the Fuzzy Graph based on data examples and a straightforward knowledge extraction.
Since the constructed Fuzzy Graph is represented with if-then-rules the metamodel is easy to understand. Additionally, the model behavior can be approximated.
This makes it possible to perform fast simulation experiments with the metamodel.
The following section describes how these Fuzzy Graphs are generated and how they can be used for function approximation. An example in section 4 demonstrates how the proposed algorithm models an artificial function.
FUZZY GRAPHS
The training. This is helpful to focus automatic generation of the Fuzzy Graph on specific regions of the output value and to weaken constraints (and therefore the evolving number of rules) on regions with a low focus of attention.
The partitioning of the input variables is determined from the training examples.
The algorithm we use is derived from a constructive Neural Network training algorithm that builds a specific type of networks with locally active hidden units (Berthold and Diamond 1995) . In this paper, a modified version of that algorithm is used to automatically find a set of Fuzzy Points that describe the training data (Huber and Berthold 1995) . Output granularization has to be defined before training starts. Figure 2 shows an example of a onedimensional Fuzzy Graph constructed by the proposed algorithm. The output granularization is known This leads to the membership functions illustrated in Figure 3 . Each
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-- be handled by this approach. A series of experiments was conducted with a specific amount of noise added to the training data to investigate the behavior of the Fbzzy Graph, for more details see Berthold and Huber (1996) .
These experiments show that the resulting Fuzzy
Graph approximates the original function well, with a specific degree of accuracy.
In regions containing "noise", the Fuzzy Graph ignores the oscillations and tends to produce plateaus. The degree of noise tolerance depends mainly on the width of the membership functions for the output parameter. So the amount of smoothing can be controlled by the output fuzzification.
Using more and finer membership functions results in higher precision but then the system tends to follow the data points very closely, and generates a lot of rules to model also the noise.
Good approximation performance helps to improve the reliability of a metamodel that is built with the presented Fuzzy Graph approach.
In addition the metamodel can serve as an efficient simulation tool. Another advantage of the Fuzzy Graph metamodel is its easy to understand representation. This will be shown in the next section.
METAMODELING
A TOKEN BUS To demonstrate how the presented approach can be used to find rules in a real world simulation model, a token bus system was chosen.
This system belongs to the class of field bus systems, i.e., a special type of communications systems, designed to connect machines and computers in a manufacturing environment. Important requirements in this area are "real time" facility, high flexibility, and low costs. In this section the analysis will mainly focus on the real time facility of the model, that is its capability to answer each request within a limited time. To guarantee this property for the given simulation model a metamodel will be built using the presented method and its behavior depending on different parameter settings will be explored. The modeled token bus system corresponds to the seven level architecture of the 1S0/0S1 communication standard. Figure 6 shows the structure of the system.
Many details like different message priori-".s,. USER Figure 6 : The Model Structure ties and the token handling had to be taken into account when modeling the system with a queuing network model. The model was then implemented with a commercially available simulation environment. To illustrate the complexity of the underlying queuing network the internal structure of the UART module (Universal Asynchronous Receiver Transmitter) with its interfaces is illustrated in Figure 7 . Since each station is modeled by four different modules the whole model consists of more than two hundred different queues and several hundreds connections. Due to this complexity of the internal structure a conventional analysis of this model is extremely time consuming and complicated. represents the background workload on the network. Many additional stations communicating over the network will increase the traffic on the network: (1, 15) Since the construction of the metamodel only depends on the training data the set of examples has to be representative. One way is to use a randomized setting of input parameters, a more sophisticated way is to use the information of the generated fuzzy graph for iterative selection of new simulation experiments. First ideas of this new approach are described in Frank and Huber (1996) . In our application a full factorial design is not possible, therefore we used randomized settings for the input parameters.
In Fuzzy Graph construction required about 10 seconds on a SUN Sparc10 workstation.
No training parameters besides the a priori definition of the output membership functions had to be considered or tuned.
While a simulation run takes about 200 seconds the propagation of a new parameter set through the Fuzzy Graph is completed within fractions of a second, resulting in an increase in speed of two orders of magnitude.
As expected the metamodel can be used for much faster simulation.
Metamodeling Results
To judge the reliability of the complete rulebase the quality of the whole metamodel can be analyzed by computing the mean relative error of the approximation of the metamodel.
For this analysis an independent dataset that was not used for training, the so called cross-validation set, has to be used. The dataset of 352 training vectors was split into one tenth for testing and nine tenth for training and using each tenth once for testing ten cross-validation runs were performed.
The average error on the corresponding testdata was 4.4% + 1.0% (32 rules in average) with two, 4.170 + 1.2% (59 rules in average) with five, and 3.3% 2C0.9% (68 rules in average) with ten memberships for the output.
This approximation quality is sufficient because the primary goal of the presented approach is the extraction of few understandable rules instead of achieving minimal approximation errors. One of the resulting rule bases from an experiment with two output classes was used for further analysis about the model behavior.
In this case the classes are labeled low and high.
Since the main focus of analysis are parameter settings which result in a low response time, rules of class L = low were investigated. 
